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This factsheet assesses how climate variability exacerbates root causes of conflict in Kenya, using a 
two-stage econometric approach. The findings show that rising temperatures and decreasing rainfall 
may have a major impact on Kenyan households’ nutrition security, particularly affecting the presence 
of women with a very low and low Body Mass Index (BMI). Furthermore, taking into consideration the 
impact of climate on local vulnerabilities, this study shows how the interaction of climate change and 
nutrition insecurity within Kenyan sub-counties may increase the intensity of both violent and non-
violent conflict.
Anna Belli, Victor Villa, Peter Läderach and Grazia Pacillo 
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This publication is part of a factsheet series reporting on the findings of the CGIAR FOCUS Climate 
Security Observatory work in Africa (Kenya, Mali, Nigeria, Senegal, Sudan, Uganda, Zimbabwe). 
The research is centered around 5 questions*:  
How does climate exacerbate root causes of conflict? 
Impact pathways 
Kenya   Mali   Nigeria   Senegal   Sudan   Uganda   Zimbabwe
Econometric analysis 
Kenya   Mali   Nigeria   Senegal   Sudan   Uganda   Zimbabwe
Scopus analysis** 
Where are the climate insecurities hotspots? 
Spatial analysis
Kenya   Mali   Nigeria   Senegal   Sudan   Uganda   Zimbabwe
What is the underlying structure of the climate, conflict, 
and socio-economic system? 
Network analysis
Kenya   Mali   Nigeria   Senegal   Sudan   Uganda   Zimbabwe
Are climate and security policies coherent and integrated? 
Policy coherence analysis
Are policy makers aware of the climate security nexus?
Social media analysis
Kenya   Mali   Nigeria   Senegal   Sudan   Uganda   Zimbabwe
Click on the links above to view the other Factsheets 
* Questions 1, 2, 3, 5 are analyzed at country level through a Climate Risk Lens (impact pathways, economic, spatial, network and social 
media analyses). The policy coherence and scopus analyses are at continental level.
**Scopus is one of the largest curated abstract and citation databases, with a wide global and regional coverage of scientific journals, 
conference proceedings, and books. We used Scopus data for analyzing: (1) how global climate research addresses the dynamics 
between climate, socio-economic factors, and conflict, and (2) how the countries studied are represented in the database. 
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opinion on the part of CGIAR concerning the legal status of any country, territory, area, city or area or of its authorities, 
or concerning the delimitation of its frontiers or boundaries. The views expressed in this document cannot be taken 
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1. OBJECTIVE OF THE ANALYSIS AND RESEARCH QUESTIONS 
Building on previous research taking steps to improve insight into the underlying relationships 
between climate-induced resource variability, nutrition security, and conflicts (IISD 2009; Rowani et al. 
2011), the two-stage analysis presented in this factsheet was designed to deepen the understanding 
of the effects of climate on malnutrition and local violence in Kenya. 
Kenya is one of the largest African economies relying primarily on rainfed agriculture (World Bank 
2020). This reliance, combined with more frequent heatwaves, droughts, rising temperatures, and 
uncertain precipitation trends, may reduce the agricultural output and limit livelihood options 
thereby amplifying the social consequences of climate variability (USAID 2019). Floods and droughts, 
in particular, impose considerable socio-economic costs on the country as a result of their recurring 
patterns and indirect effects on water runoff and soil erosion rates (World Bank 2021).
Following these catastrophic events, outbreaks of violence are common, particularly in Kenya’s arid 
and semi-arid zones (World Bank 2021). Conflicts over natural resource scarcity have arisen in response 
to the privatization of agricultural land, as well as some groups’ chronic political and economic 
marginalization (IISD 2009). Meanwhile, overlapping conflicts such as identity-based communal 
violence, militia activities, and terroristic attacks on civilians contribute to the spread of insecurity 
across the country by worsening power and resource distribution mismatches among groups and 
undermining traditional government systems as well as intercommunal social contracts (Rohwerder 
2015).
Taking this scenario under consideration, the purpose of this econometric analysis is to provide 
answers to two major research questions about the indirect relationships among climate, sustainable 
livelihoods, and conflicts. These questions are:
 
1. Do extreme climatic events and variability exacerbate households’ nutritional security?
2. Does nutrition insecurity, as exacerbated by climate impacts, affect the likelihood and intensity of 
conflict?
In response to these questions, this study would like to investigate not only how climate-related 
environmental variability may affect nutrition security in Kenya (Ngure et al. 2021; Kasomo and 
Gayawan 2021), but also how nutrition insecurity, in the context of climatic instability (IISD 2009), may 
contribute to escalating the intensity of local violence in the latter East African country. Taking into 
account the impact of climate on local vulnerabilities, such as nutrition security, this econometric 
analysis attempts to determine to what extent climate may exacerbate the erosion of social order or 
the state failure resulting in a spiral of violence that undermines local security indirectly (Scheffran et 
al. 2014).
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2. METHODS AND DATA 
The analysis is based on three different data sources. Socio-economic and nutrition security data 
have been extracted from the Demographic and Health Surveys (DHS) that contains nationally 
representative information on household characteristics, assets and health. For Kenya three rounds 
(2003, 2008, 2014) have been used. The Climate Hazards Group Infrared Precipitation with Station 
Data (CHIRPS) was used to create the climate variables, namely temperature and rainfall anomalies1 
(2002–2015), while the Armed Conflict Location & Event Data Project (ACLED) was included to obtain 
information on past, current, and future conflicts in the area of interest (2002–2015). These data were 
analyzed using a probit model as well as a panel linear regression model. More information can be 
found in the Annex.
3. RESULTS 
1. Do extreme climatic events and variability exacerbate households’ nutritional 
insecurity? 
Table 1 shows the main variable on nutrition security as well as the main predictors of the econometric 
analysis.
According to the descriptive statistics, the dependent variable on households’ nutrition security is a 
dummy variable that takes the value 1 if the households report the presence of at least one woman with 
a Body Mass Index (BMI) of 17.0 or less (Croft et al. 2018). This metric assists in identifying households 
that are nutritionally insecure, with at least one female household member who is moderately or 
severely thin (Croft et al. 2018). Even though the proportion of underweight women is quite low, this 
value is consistent with the country World Health Organization statistics, which show an improvement 
in female BMI over the three rounds of the study.
Table 1 also describes the control variables which are both continuous and categorical variables  at 
the household level that define the sample composition. Households in this study are mainly rural 
male-headed households that own agricultural land and do not experience intense violent conflicts. 
Climate variables capture the anomalies of rainfall and temperature from a 3- or 12-months average, 
estimated as in Maystadt and Ecker (2014).
To investigate the association between climate variability and households’ nutrition security, a 
correlation analysis was first developed to understand the overall interactions among the variables of 
interest. Figure 1 shows the correlation analysis results based on the nutrition and climate variables . 
According to the graphs, the likelihood of having at least one underweight woman in the household 
is higher when rainfall anomalies 12 months before the survey are less than zero (negative – first graph 
from the left) and maximum temperature anomalies are less and greater than zero (extreme negative 
and positive – center and right graph).
1. Temperature anomalies refer to maximum temperature differences, thus positive and negative deviations in the maximum 
temperature registered in Kenya in the years before the three DHS rounds. Rainfall anomalies refer to anomalies in the total amount 
of rainfall (thus positive or negative variations considering the mean) overall the years before the DHS rounds.
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Category Variable Observations Mean Std. Dev. Min. Max.
Nutritional Security 
Variable Low Body Mass Index (BMI) Dummy 23487 0.04 0.20 0 1
Urban HH 23487 0.34 0.47 0 1
HH size 23487 5.05 2.34 1 24
Female HH head 23487 0.37 0.48 0 1
Age HH head 23487 40.81 13.42 15 99
Number of teen below 16 in the HH 23487 2.57 1.85 0 16
Very poor HH 23487 0.22 0.41 0 1
HH head with no education 23487 0.19 0.39 0 2
Any violent conflict – 12 months before 23487 0.09 0.29 0 1
Agricultural land ownership 17709 0.64 0.48 0 1
Rainfall - Anomaly 3 months 23487 -0.12 0.52 -1.22 1.38
Rainfall - Anomaly 12 months 23487 -0.11 0.20 -0.70 0.62
Maximum Temperature - Anomaly 3 months 23487 0.21 0.35 -0.64 0.98
Maximum Temperature - Anomaly 12 months 23487 -0.03 0.17 -0.43 0.44
Decreasing Amounts of Rainfall - Lowest Extreme 12 months 23487 0.18 0.38 0 1
Increasing Amounts of Rainfall - Highest Extreme 12 months 23487 0.06 0.23 0 1
Decreasing Amounts of Rainfall - Lowest Extreme 3 months 23487 0.10 0.30 0 1
Increasing Amounts of Rainfall - Highest Extreme 3 months 23487 0.06 0.24 0 1
Decreasing Maximum Temperature - Lowest Extreme 12 months 23487 0.14 0.35 0 1
Increasing Maximum Temperature - Highest Extreme 12 months 23487 0.07 0.25 0 1
Decreasing Maximum Temperature - Lowest Extreme 3 months 23487 0.08 0.27 0 1
Increasing Maximum Temperature - Highest Extreme 3 months 23487 0.15 0.35 0 1
Control Variables
Climate Variables
Table 1. Descriptive Statistics – First Stage
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Figure 1. Correlation analysis: Rainfall and Maximum Temperature Anomalies.
The x-axis displays rainfall and temperature anomalies. When the averages of rainfall and maximum temperature are 
taken into account (0), negative numbers relate to anomalies of rainfall departure and maximum temperature reduction, 
while positive values correspond to increasing amounts of rainfall and increasing maximum temperature. The y-axis 
displays the probability of having at least one woman in the household with a very low or low BMI (between 0 and 1).
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These correlation graphs suggest that when there is a significant departure in rainfall (negative 
anomalies) or a significant increase or decrease in maximum temperatures (negative and positive 
anomalies), climate variability may pose a threat to the nutrition security of Kenyan households, which 
is consistent with other studies investigating the nexus between climate stressors and nutrition 
security in Kenya (Kogo et al. 2020; Ngure at al. 2021). 
Table 2 summarizes the main results of the first stage regressions, which estimates the impact of 
climate variability on nutrition insecurity controlling for additional confounding effects, such as 
household and location characteristics that could influence the level of nutrition insecurity. The 
analysis confirms some of the trends revealed by the correlation analysis.  
Overall, climate variability appears to be highly significant when linked to household nutrition 
insecurity. Indeed, the model demonstrates that increasing maximum temperature anomalies 
three months before the interviews are associated with a higher likelihood of having at least one 
underweight woman in the household. More specifically, our estimate show that a one-unit increase 
VARIABLES
Dummy on HH with at least one 
woman with a very low/low Body 
Mass Index
Maximum Temperature - Anomaly 3 months       0.277***
(0.099)
Maximum Temperature - Anomaly 12 months                    -0.069
(0.389)
Rainfall - Anomaly 3 months                    -0.020
(0.054)
Rainfall - Anomaly 12 months                    -0.174
(0.185)
Decreasing Maximum Temperature - Lowest Extreme 3 months                    -0.145
(0.186)
Increasing Maximum Temperature - Highest Extreme 3 months   0.145*
(0.077)
Decreasing Amounts of Rainfall - Lowest Extreme 12 months    0.168**
(0.077)
Increasing Amounts of Rainfall - Highest Extreme 12 months     -0.324***
(0.115)
Controls YES 
Cluster SE YES 
Year FE YES 
Loc FE YES - sub-county
Observations 13,997
Robust standard errors in parentheses
*** Significant at 1 percent level 
** Significant at 5 percent level 
* Significant at 10 percent level 
Table 2. The impact of climate variability and extremes on nutritional insecurity
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in maximum temperature anomalies 3 months leads to an increase in the likelihood of being a 
nutritionally insecure household of 2.3 percentage points2. Because most of the sample lives outside 
of major urban areas and relies on local agricultural assets, such as arable land, the degradation of 
natural resources caused by increasing maximum temperature may jeopardize the quantity and the 
quality of food produced and consumed consequently undermining the nutritional status of adult 
women (FAO et al. 2021; Grace et al. 2012; Kogo et al. 2020; Signorelli et al. 2016). This implies that 
rising temperatures may limit agricultural production, as well as crop and grazing land, and, as a 
result, reduce the availability, affordability, and diversity of food (USAID 2019). Because of its unique 
eco-climatic conditions, Kenya may be particularly vulnerable to events like heat waves, and warmer 
periods and prolonged heat stresses are likely to increase nutrition insecurity among pastoralists and 
agro-pastoralists as suggested also by the existing literature (Njiru 2012; USAID 2019).
Further investigating the effects of extreme climatic conditions on nutrition insecurity, we also find that 
extreme rainfall anomalies in the past twelve months appear to contribute to an increase of nutrition 
insecurity. More specifically, the presence of extreme negative rainfall anomalies (lowest rainfalls) is 
correlated with an increase of 1.4 percentage points in the probability of being nutritionally insecure 
households compared to the absence of extremely negative rainfall3. This means that anomalies at 
the lowest end of the rainfall distribution may exacerbate food availability and accessibility issues 
(FAO et al. 2021). Indeed, Kenya’s major droughts, which occur every decade, are likely to affect crop 
productivity and production, which in turn impact food demand, calorie availability, and, ultimately, 
human well-being. Because of changing climatic patterns, per capita calorie availability in Kenya is 
likely to fall, leading to an increase in malnutrition, particularly among women, who typically consume 
less fat and nutritious food due to lower household income and higher participation in more physical 
activities (Herrero et al. 2010; Kasomo and Gayawan 2021; Moranga et al. 2018). Interestingly, we find 
that anomalies at the opposite end of the rainfall distribution (excess of rainfall), significantly reduce 
the likelihood of being nutritionally insecure. This is consistent with the results on rainfall negative 
extremes as well as previous studies on women’s BMI conducted in Kenya which show how increasing 
precipitation reduces the likelihood of women being underweight (Kasomo and Gayawan 2021). 
To summarize, these findings indicate that rising maximum temperatures and decreasing rainfall 
amounts may contribute to an increase in nutrition insecurity among Kenyan adult women (Grace et 
al. 2012). These patterns are consistent with the country’s climate-nutrition security literature, which 
emphasizes that rising temperatures and decreasing rainfall, resulting in drought conditions, will 
likely worsen households’ nutrition or pre-existing precarious nutrition insecure situations (Speranza 
et al. 2008). These climatic trends have then the potential to exacerbate existing health vulnerabilities, 
particularly among the most vulnerable groups, such as women, who are highly exposed to changes 
in food availability and undernourishment (Herrero et al. 2010; IFRC 2021; Moranga et al. 2018).
 2 The percentage point estimate was obtained by computing the average marginal effects of the climate variable over the nutrition 
security variable.
3   The percentage point estimate was obtained by computing the average marginal effects of the climate variable over the nutrition 
security variable. 
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2. Does nutrition insecurity, as exacerbated by climate impacts, affect the likelihood 
and intensity of conflict?
Table 4 summarizes the findings of the second part of the analysis. Given the effects that climate 
variability can have on improving or worsening nutritional status, an increase in the number of 
malnourished women within sub-counties could theoretically have an impact on local security.
To test the linkages between nutrition security and local violence, all the variables of Table 3 have 
been included in the final model. This analysis is run at sub-county level. The main dependent 
variables capture several types of future conflicts chosen for their local relevance in increasing the 
frequency, intensity, and gravity of organized armed violence (Rohwerder 2015). These events occur 
throughout three time periods: three, six, and twelve months after data collection. Looking at future 
conflicts’ events, the model presented in the analysis should address endogeneity issues such as 
the reverse causality between conflict and nutrition insecurity. The main independent variable of 
interest counts the number of nutritionally insecure households in the sub-counties to understand 
the local nutritional status. Finally, controls at the sub-county level are representative of the previous 
household-level sample and aim to account for some of the potential context-specific predictors of 
tensions. 
Overall, the findings of the second stage indicate that nutritionally deficient sub-counties may be 
more likely to experience an increase in the number of explosions and remote violent episodes in 
the short, medium, and long term (Table 4). Indeed, when the relationship between the intensity 
of conflicts and the number of nutritionally insecure households in sub-counties is considered, the 
only positive and significant contribution that links malnourishment with local tensions is the one on 
violent events such as grenades, remote explosions, and suicide bombs.
Nonetheless, incorporating interactions between nutrition insecurity and climate anomalies significantly 
alters the overall results for the three time periods studied. When rainfall anomalies combine with 
local levels of nutrition insecurity, the intensity of strategic developments, violence against civilians, 
and overall conflicts rises. This is particularly relevant in the long term, thus 12 months after the data 
collection. These findings highlight how an increasing number of malnourished households, as well 
as increased rainfall, may contribute to an increase in local insecurity and tensions. More specifically 
we find that an increase of 10 nutritionally insecure households in the sub-county combined with 
increasing rainfall anomalies 12 months before is correlated with an increase of about 2 conflicts in the 
future 3 months, about 4 conflicts in the future 6 months and 7 in the following 12 months. 
Such a pattern suggests that the years following a wetter period may be less safe than the years 
following a drier period (Theisen et al. 2012). As a result, rather than scarcity, conditions of resource 
abundance and competition, such as increased precipitation, appear to be associated with an 
increased risk of local violence (Rowani et al. 2011; Witsenburg and Adano 2009). At the same time, 
a high number of nutritionally insecure households is positively associated with the intensity of 
violence, implying that times of relative nutrition insecurity may be more likely to report the presence 
of conflicts (Hendrix at al. 2013). These mixed findings imply that conflicts may be more prevalent 
during both periods of nutrition insecurity and rain abundance. 
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Category Variable Observations Mean Std. Dev. Min. Max.
Explosions-Remote violence 12f 609 0.03 0.34 0 6.70
Strategic developments 12f 609 0.02 0.15 0 1.95
Violence against civilians 12f 609 0.12 0.64 0 9.91
Total conflicts 12f 609 0.81 2.74 0 41
Explosions-Remote violence 6f 609 0.02 0.20 0 3.79
Strategic developments 6f 609 0.05 0.36 0 5.52
Violence against civilians 6f 609 0.01 0.07 0 1
Total conflicts 6f 609 0.45 1.55 0 22.32
Explosions-Remote violence 3f 609 0.01 0.15 0 2.80
Strategic developments 3f 609 0.00 0.06 0 1
Violence against civilians 3f 609 0.03 0.22 0 3.62
Total conflicts 3f 609 0.24 0.83 0 9.16
Nutritional Security 
Variable Total Households with at least one woman with a very low/low BMI 609 1.57 2.53 0 29
Total urban HH 609 30.16 50.09 0 436
Total female-headed households 609 27.01 26.64 0 323
Total households with working age head 609 69.97 65.68 3 671
Total poor HH 609 33.02 42.02 0 480
Total no educated men and women 609 12.41 27.63 0 304
Total unemployed men and women 609 24.58 22.91 0 231
Ongoing total conflicts 609 0.08 0.38 0 6
Total households that own agricultural land 609 43.86 52.34 0 308
Total agricultural employed men and women 609 14.52 16.84 0 106
Rainfall - Anomaly 12 months 609 -0.10 0.18 -0.54 0.44




Table 3. Descriptive Statistics – Second Stage













violence F3 Conflicts F3 Conflicts F3
Total Households with at least one woman with a very low/low BMI 0.001 0.001 -0.009 0.008 0.003      0.018***          -0.020 0.010
(0.002) (0.002) (0.006) (0.007) (0.004) (0.005) (0.021) (0.023)
Rainfall - Anomaly 12 months#Total Households with at least one woman with a very low/low BMI          -0.003      0.123***      0.110***     0.217***
(0.006) (0.024) (0.016) (0.083)
Maximum Temperature - Anomaly 12 months#Total Households with at least one woman with a 
very low/low BMI      0.016*** 0.004 0.016          -0.006













violence F6 Conflicts F6 Conflicts F6
Total Households with at least one woman with a very low/low BMI 0.001 0.003   -0.021**          -0.000 0.001          0.024***   -0.075**          -0.022
(0.002) (0.011) (0.010) (0.002) (0.006) (0.006) (0.038) (0.043)
Rainfall - Anomaly 12 months#Total Households with at least one woman with a very low/low BMI      0.167***          -0.004          0.168***          0.374**
(0.039) (0.007) (0.022) (0.152)
Maximum Temperature - Anomaly 12 months#Total Households with at least one woman with a 
very low/low BMI          -0.027          0.017*** 0.017          -0.113













violence F12 Conflicts F12 Conflicts F12
Total Households with at least one woman with a very low/low BMI     -0.014***         -0.010**  -0.033** 0.015          -0.001      0.038***   -0.164** -0.065
(0.004) (0.004) (0.016) (0.018) (0.009) (0.010) (0.065) (0.074)
Rainfall - Anomaly 12 months#Total Households with at least one woman with a very low/low BMI          0.029*          0.351***      0.288***      0.712***
(0.015) (0.065) (0.036) (0.261)
Maximum Temperature - Anomaly 12 months#Total Households with at least one woman with a 
very low/low BMI         -0.020 0.001 0.047         -0.109
(0.014) (0.057) (0.032) (0.232)
Controls YES YES YES YES YES YES YES YES 
Year FE YES YES YES YES YES YES YES YES 
Loc FE YES - county YES - county YES - county YES - county YES - county YES - county YES - county YES - county
Observations 609 609 609 609 609 609 609 609
Standard errors in parentheses
*** Significant at 1 percent level 
** Significant at 5 percent level 




Table 4. The impact of climate and nutrition insecurity on conflicts
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Results for the combined impact of temperature anomalies and nutrition insecurities are less clear. 
Table 4 shows that an increase in the number of households with a woman with a very low or low BMI, 
as well as an increase in maximum temperatures, may increase the intensity of strategic and violent 
episodes, even though this effect fades over time.
4. CONCLUSIONS
To summarize, the findings show how rising temperatures and decreasing rainfall can have a 
significant impact on Kenyan households’ nutrition security. Indeed, as suggested by other studies 
(Radeny et al. 2020), changes in maximum temperature and precipitation patterns are expected to 
have an impact on Kenyan agricultural sector by affecting crop and livestock production through 
diseases and yields losses thereby increasing the levels of food and nutrition insecurity. At the same 
time, if malnourishment at the sub-county level increases due to a variety of factors, including climate 
variability, strategic developments, violence against civilians, and remote violence will likely increase 
in intensity, particularly in the long term. This implies that combining local vulnerabilities with climate 
variability may foster local violence in ways that vulnerabilities alone cannot. Indeed, according to 
some researches on climate and violence in Kenya (IISD 2009), the threat-multiplying effect of climate 
change highly depends upon the presence of pre-existing factors such as endemic poverty, loss of 
biodiversity, or economic marginalization that contribute to boost violence.
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ANNEX
Data Management and Methodology
The two-stage analysis presented in this factsheet is based on data from three rounds of the Kenya 
Demographic and Health Surveys (2003, 2008, and 2014) (DHS). Individual data on women was 
extracted in order to define the main variable of interest for measuring nutrition insecurity at the 
household and sub-county levels, namely women’s Body Mass Index (BMI). This indicator is calculated 
by dividing the body weight in kilograms by the square of the body height in meters, and it is essential 
for classifying adults’ nutritional status by indicating whether they are underweight or overweight 
(FAO et al. 2021). This variable was specifically used in the analysis to understand the effects of climate 
change on women’s nutrition because female household members are typically disproportionately 
at risk as a result of changing weather patterns (IFRC 2021). Indeed, climate change affects men 
and women differently because of gender inequalities in roles, rights, and opportunities (Huyer and 
Gumucio 2020). Thus, women with a BMI of 17.0 or less were chosen based on the DHS weight and 
height indices to define the levels of nutrition insecurity in households and sub-counties (Croft et 
al. 2018). A household is considered malnourished if it has at least one woman who is moderately or 
severely thin (BMI≤ 17.0), whereas a sub-county is considered nutritionally insecure as the number of 
women with a BMI equal to or below 17.0 rises.
Data from the KDHS have also been used to create household and sub-county control variables 
based on the characteristics of the household heads, poverty status, educational level, employment, 
and land ownership. These predictors were chosen based on previous empirical studies (Arene and 
Anyaeji 2010; Beyene and Muche 2010; Aidoo et al. 2013), as well as other factors such as information 
availability.
To include local measures of climate variability and violence, external datasets have been merged into 
the KDHS.
Temperature and precipitation anomalies at the sub-county level have been created as standard 
indicators to account for spatial and temporal variations in maximum temperature and rainfall 
amounts using the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) data 
(Maystadt and Ecker 2014). These indicators are designed to detect abnormal deviations from the 
mean of the maximum temperature and precipitation in the Kenyan sub-counties. Climate anomalies 
have been divided into quintiles (Q1-Q5) to capture small and extreme climatic changes in order to 
improve understanding of abnormal climatic conditions (Cooper et al. 2019; Mueller et al. 2014). This 
procedure allows the extreme positive and negative quintiles to control for abundant/high and scarce/
low rainfall and maximum temperature. 
Data from the Armed Conflict Location & Event Data Project (ACLED) at the sub-county level has then 
been used to gather information on local conflicts. The ACLED dataset on Kenya, in particular, has 
been used to define the various types of conflicts that occur on a regular basis in Kenya’s numerous 
sub-counties.
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These three datasets on socioeconomic, climate, and conflict variables were combined based on the 
dates of the KDHS interviews. Thus, using the DHS questionnaire’s months, years, and sub-counties, 
data on climate and local violence have been aligned with socioeconomic variables. Furthermore, 
climate and conflict lag variables have been created to capture past extreme climatic changes (3-12 
months prior to the interview) as well as future violent events (3-6-12 months after the interview).
The analysis has been divided into two different stages linked by the nutrition security variable on 
BMI. The first stage aims at evaluating the potential links between climate variability and nutrition 
security by examining how extreme weather conditions may increase the likelihood of reporting the 
presence of an underweight female member in the household. A non-linear probit model has been 
used to investigate how climate variability at time t – 1 (S_(dt-1)) may be associated with a change in 
the probability of having malnourished women within the household at time t (Yjdt). The latter, thus 
the main variable of interest, is a dummy variable that takes the value 1 if the household reports the 
presence of at least one woman with a BMI ≤ 17.0. Climate variables, on the other hand, are defined 
as continuous deviations from the mean as well as dummy variables in the case of extreme weather 
conditions. The model has been defined as follow:
P(Y_jdt=1│S_(dt-1),T_(dt-1),X_jdt )= Φ(β_0+β_1 S_(dt-1)+β_2 T_(dt-1)+β_3 X_jdt+α_
t+γ_r+ u_jdt)
In addition to the main variables, T_(dt-1) is a dummy based on past violent conflicts (12 months before 
the DHS interview) that controls for the impact that local violence within sub-counties may have on 
nutrition security. Moreover, a set of socio-economic predictors at the household level (X_jdt) has been 
included controlling for critical determinants of the households’ well-being (Arene and Anyaeji 2010; 
Beyene and Muche 2010; Aidoo et al. 2013). Controls include characteristics of the heads of households 
(gender, age, educational level), household size, rurality, poverty level, and agricultural land ownership. 
Finally, α_t and  α_r are time and sub-county fixed effects to capture for unobservable characteristics 
while u_jdt is the error term. All the models tested have been weighted using the cluster weights 
given by the KDHS. 
The second stage of the analysis aims to answer the second research question of this factsheet taking 
into account how climate variability may increase or decrease local nutrition insecurity. To proceed 
with the analysis, the original household level DHS has been collapsed at the sub-county level to 
capture the number of conflicts that have occurred by year and location. A simple panel data fixed-
effects model has been defined using a panel regression analysis approach to understand to what 
extent increasing levels of nutrition insecurity within sub-counties may contribute to exacerbate local 
violence. The following variables of interest are included in the model:
C_(dt+1)= α_0+α_1 I_dt+α_2 K_dt+α_3 P_dt+α_t+α_c+ u_dct
C_(d  is the dependent variable on predicted future local tensions (3, 6, and 12 months after the DHS 
interviews) that captures the intensity of several conflict types within the Kenyan sub-counties. 
This model primarily analyses non-state conflicts such as explosions and remote violence, strategic 
developments, and violence against civilians. These types of events were chosen based on their local 
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relevance in increasing the frequency, intensity, and gravity of violence (Rohwerder 2015). Indeed, 
common examples of low-intensity persistent violent episodes reported across the country include 
frequent violent attacks, livestock raids, communal conflicts and ethnic clashes, youth recruitment, 
and gender-based violence (Seter 2016; Witsenburg and Adano 2009; Kumssa and Jones 2014). In 
addition to the conflict variables, I_dt measures the sub-counties’ nutritional status by counting the 
number of women with a BMI ≤ 17.0. K_dt and P_dt take into account local conflict predictors such as 
poverty, unemployment, and education, as well as the presence of ongoing conflicts at time t. α_t and 
α_c are time and county fixed effects, respectively, and u_dct is the error term.
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